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ACKGROUND: Surgical site infections are a major driver of morbidity and increased costs in

the postoperative period after spine surgery. Current tools for surveillance of these adverse events

rely on prospective clinical tracking, manual retrospective chart review, or administrative proce-

dural and diagnosis codes.

PURPOSE: The purpose of this study was to develop natural language processing (NLP) algo-

rithms for automated reporting of postoperative wound infection requiring reoperation after lumbar

discectomy.

PATIENT SAMPLE: Adult patients undergoing discectomy at two academic and three commu-

nity medical centers between January 1, 2000 and July 31, 2019 for lumbar disc herniation.

OUTCOMEMEASURES: Reoperation for wound infection within 90 days after surgery

METHODS: Free-text notes of patients who underwent surgery from January 1, 2000 to December

31, 2015 were used for algorithm training. Free-text notes of patients who underwent surgery after

January 1, 2016 were used for algorithm testing. Manual chart review was used to label which

patients had reoperation for wound infection. An extreme gradient-boosting NLP algorithm was

developed to detect reoperation for postoperative wound infection.

RESULTS: Overall, 5,860 patients were included in this study and 62 (1.1%) had a reoperation for

wound infection. In patients who underwent surgery after January 1, 2016 (n=1,377), the NLP algo-

rithm detected 15 of the 16 patients (sensitivity=0.94) who had reoperation for infection. In com-

parison, current procedural terminology and international classification of disease codes detected

12 of these 16 patients (sensitivity=0.75). At a threshold of 0.05, the NLP algorithm had positive

predictive value of 0.83 and F1-score of 0.88.

CONCLUSION: Temporal validation of the algorithm developed in this study demonstrates a

proof-of-concept application of NLP for automated reporting of adverse events after spine surgery.
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Adapting this methodology for other procedures and outcomes in spine and orthopedics has the

potential to dramatically improve and automatize quality and safety reporting. © 2020 Published

by Elsevier Inc.
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Introduction

Surgical site infections are a major driver of morbidity

and increased health-care expenditures following spine sur-

gery [1−3]. Value-based payment models and risk-based

reimbursements make providers liable for postacute care.

Prior studies have previously identified rates and risk fac-

tors for postoperative surgical site infections [4−7]. Others
have also studied preoperative strategies to reduce these

adverse events and developed predictive models for risk-

stratification [3,8−10]. Despite the growing literature on

characterization, prediction, and prevention of surgical site

infections, there are few tools for automated surveillance of

adverse events in spine surgery [11−13].
The current paradigm for surveillance of surgical site

infections and other relevant clinical variables relies on pro-

spective clinical tracking, manual retrospective chart review,

or queries that use administrative procedural and diagnosis

codes. These methods are labor intensive and have variable

reliability [11,14−16]. Natural language processing (NLP)

may be a promising alternative [11,17−19]. NLP is used for

extracting structured information (occurrence of complica-

tions) from unstructured data (free-text, speech) [17]. The

unstructured data are converted through a series of

transformations into a representation that allows for con-

tent analysis and meaningful information extraction. For

example, Murff et al. previously studied the utility of

NLP for automated identification of 30-day postopera-

tive acute renal failure, sepsis, deep vein thrombosis,

pulmonary embolism, myocardial infarction, and pneu-

monia in patients undergoing major noncardiac surgery

[11]. Rajkomar et al. examined the utility of NLP for

automated clinical documentation from patient-physician

conversations [19]. Liang et al. previously studied

570,000 pediatric patients and 1.4 million visits and

applied NLP to automate the diagnosis of childhood dis-

eases, achieving performance comparable to experienced

pediatricians [20].

In this study, we sought to examine the utility of a

machine learning-based NLP algorithm for automated sur-

veillance of surgical site infections requiring reoperation in

the 90 days following lumbar discectomy. The second aim

of this study was to compare the performance of this NLP

algorithm to Current Procedural Terminology (CPT) and

International Classification of Disease (ICD) codes for sur-

veillance of postoperative infections after lumbar discec-

tomy. Lumbar discectomy was chosen in order to perform a

“proof of concept” of this type of reporting.
Materials & methods

Guidelines

The transparent reporting of a multivariable model for

individual prognosis or diagnosis guidelines were followed

[21].
Data source

Our institutional review board approved retrospective

review of medical charts at two academic medical centers

and three community medical centers. Patients were identi-

fied through our retrospective institutional spine surgery

registry. Manual chart review of electronic medical records

was used to confirm the following inclusion and exclusion

criteria for this study. The inclusion criteria were: (1) adult

patients 18 years of age or older, (2) date of procedure

between January 1, 2000 and July 31, 2019 (3) index proce-

dure of lumbar discectomy for lumbar disc herniation.

Patients who underwent decompression for any other opera-

tive indication or received other types of spine surgical pro-

cedures during the index surgery were excluded.
Outcome

The primary outcome was defined as reoperation for

wound infection within 90 days of surgery. Free-text opera-

tive notes for all patients in the 90 days after surgery were

reviewed by a clinical researcher (AVK) and discussed

with senior authors. Operative notes for patients included in

the testing set (surgery after January 1, 2016) were re-

reviewed by two researchers (AVK, MERB) to confirm ini-

tial ratings. Discrepancies were adjudicated by mutual con-

sensus with senior authors. Finally, wound cultures for all

patients in the testing set were manually reviewed to con-

firm culture-proven wound infection.
Data analysis

Patients who underwent surgery before December 31,

2015 were used for algorithm training (n=4,483). Patients

who underwent surgery after January 1, 2016 were used for

algorithm testing (n=1,377). The following preprocessing

steps were applied to raw free-text notes: (1) redundant

white space and line breaks were removed (2) all reports

were converted to lowercase (3) all punctuation was

removed (4) stop words such as “the,” “and,” “with,”

“who,” “for” were removed (5) all words in the free-text
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notes were converted to their stemmed forms (ex. "infec-

tion," "infected," "infectious" converted to "infect"). An

example of a raw and processed free-text note is available

for review in Supplementary Table 1. The bag-of-words

method was applied to the processed text reports. In this

method, a row is created for every free-text note and col-

umns are created for words (tokens) in the operative notes.

Entries in the matrix are the occurrence and frequency of

words in the operative notes. Next, the results were regular-

ized by using the term frequency-inverse document fre-

quency technique to adjust for very rare and very common

words/tokens.

An extreme gradient boosting (XGBoost) machine learn-

ing algorithm was trained on the free-text operative notes of

patients who underwent surgery before December 31, 2015

to detect reoperation for infection within 90 days [22−24].
XGBoost is a machine learning algorithm that sequentially

learns by preferentially weighting incorrect cases while

using regularization techniques to prevent overfitting to the

available data. The algorithm was assessed on temporal val-

idation in the independent set of patients who underwent

surgery after January 1, 2016. Metrics used for algorithm

assessment were discrimination [area under the receiver

operating curve (AUC-ROC), precision-recall curve (PRC),

area under the precision-recall curve, sensitivity (recall),

specificity, positive-predictive value (PPV, precision), neg-

ative-predictive value (NPV), F1-score (harmonic mean of

precision and recall), positive likelihood ratio (LLR+), neg-

ative likelihood ratio (LLR-)], calibration (calibration inter-

cept, calibration slope), and overall performance (Brier

score) [25,26].

Next, the performance of a query combining procedural

(CPT) and diagnostic (ICD codes, version 9 or version 10)

for detection of reoperation for infection was assessed by

the metrics described above. Supplementary Table 2 lists

the individual CPT and ICD codes.

Local and global explanations were generated for the

NLP algorithm. Global explanations were provided through
Fig. 1. (A) Receiver operating curve and (B) Precision-Recall curves for NLP alg

natural language processing.
relative variable importance plots to show the most impor-

tant features (words) used for prediction. Local explana-

tions were provided to show which features were used at

the individual patient-level for prediction by highlighting

the specific words used for prediction in free-text notes

[27]. The Anaconda Distribution (Anaconda, Inc., Austin,

Texas), R version (The R Foundation, Vienna, Austria),

RStudio (RStudio, Boston, Massachusetts), and Python

(Python Software Foundation, Wilmington, Delaware)

were used for data analysis.
Results

Overall, 5,860 patients were included in this study and 62

(1.1%) had a reoperation for infection in the 90 days after

surgery. The patients had a median age of 47 (interquartile

range: 37−59) years and 2,628 (44.8%) were woman.

In the independent testing set of patients who underwent

surgery after January 1, 2016 (n=1,377), the NLP algorithm

achieved AUC-ROC of 0.999 (Fig. 1A), AUC-PRC of 0.96

(Fig. 1B), Brier score of 0.003, calibration intercept of 1.02,

and calibration slope of 1.30 for detection of reoperation

for infection [Table 1]. The AUC-ROC of the combined

CPT and ICD codes was 0.88, AUC-PRC was 0.76, and

Brier score was 0.003. In comparison, the null model Brier

score (model estimating a probability equal to population

prevalence of wound infection for every patient) was 0.011.

In the testing set, the combination of CPT and ICD codes

detected 12 of the 16 (sensitivity=0.75) patients who had

reoperation for infection. However, the combination of

CPT and ICD codes had perfect PPV and specificity

[Table 2].

At a threshold of 0.05, the NLP algorithm detected 15

(true positives) of the 16 patients (sensitivity=0.94) who

had reoperation for infection in the testing cohort and

yielded three false positives. At this threshold, the algo-

rithm had an F1-score of 0.88, specificity of 0.998, PPV of

0.83, and NPV of 0.999 in the independent testing set.
orithm on temporal validation in the independent testing set, n=1,377. NLP:



Table 1

Overall performance (95% confidence interval) of NLP algorithm for

detection of postoperative infection relative to procedural and diagnosis

codes in the independent testing set, n=1,377

NLP algorithm CPT and ICD codes

AUC-ROC 0.999 (0.99, 1.00) 0.88 (0.73, 0.96)

AUC-PRC 0.96 (0.84, 1.00) 0.76 (0.48, 0.94)

Brier 0.003 (0.001, 0.006) 0.003 (0.001, 0.006)

Calibration intercept 1.02 (0.06, 1.98) -

Calibration slope 1.30 (0.86, 1.74) -

Null model Brier score=0.011

AUC-PRC, area under the precision-recall curve; AUC-ROC, area

under the receiver operating curve; CPT, current procedural terminology;

ICD, international classification of disease; NLP, natural language

processing.
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Decision curve analysis showed that changes based on the

NLP algorithm yielded higher standardized net benefit com-

pared to the default strategies of changes for all patients,

changes for no patients, or changes based on the combina-

tion of CPT and ICD codes (Fig. 2).

Global relative variable importance plots for the NLP

algorithm showed that the most important features for

prediction of reoperation were (‘infect’, ‘wound’, ‘debrid’,

‘seroma’, ‘place_prone’, ‘cultur’, ‘emerg’, ‘wound_infect’,

‘reveal’, ‘granul_tissu’). (Fig. 3). An example of a local

explanation at the individual patient level is shown in

Fig. 4; the algorithm used “wound,” “infect,” “cultur,” “irrig,”

“drain” in the note to detect the occurrence of reoperation for

wound infection.
Discussion

The rate of reoperation for infection in the 90 days after

lumbar discectomy was 1.1% (n=62) in this study. This rate

of infection is comparable to that of other large studies

investigating infection after discectomy or lumbar decom-

pression and reinforces the generalizability of our study

findings [28−30]. On temporal validation among patients

who underwent surgery on January 1, 2016 or later

(n=1,377), the NLP algorithm detected 15 of the 16 patients
Table 2

Performance (95% confidence interval) of NLP algorithm at various thresholds

n=1,377

CPT and ICD

Threshol

Sensitivity 0.75 (0.48, 0.93) 0.62 (0.3

Specificity 1.00 (1.00, 1.00) 1.00 (1.0

Negative predictive value 0.997 (0.99, 1.00) 0.996 (0.

Positive predictive value 1.00 (0.74, 1.00) 1.00 (1.0

F1-score 0.86 (0.58, 0.96) 0.77 (0.4

LLR (+) - -

LLR (�) 0.25 (0.11, 0.58) 0.38 (0.2

CPT, current procedural terminology; ICD, international classification of dise

natural language processing.
(sensitivity=0.94) who had reoperation for culture-proven

wound infection. In comparison, the combination of CPT

and ICD codes detected 12 of the 16 (sensitivity=0.75)

patients who had reoperation for infection.

Within orthopedic surgery, others have previously used

NLP for automated detection of periprosthetic femur frac-

tures [31] and automated characterization of operative fac-

tors [32] among patients undergoing total hip arthroplasty.

Within spine, NLP has been applied to automated detection

of lumbar spine findings in radiology reports [33,34]. We

previously developed a machine learning-based NLP algo-

rithm for automated detection of intraoperative durotomy

from free-text operative notes [13]. Despite the growing lit-

erature of NLP application within surgical disciplines, there

are few studies that have used NLP for automated surveil-

lance of postoperative adverse events after spine surgery

[11,12].

Thirukumaran et al. previously developed rule-based NLP

models to identify surgical site infections after orthopedic

surgery [12]. For the rule-based NLP, the authors manually

established 45 key words for infection based on a review of

the literature and the clinical expertise of the study team.

The occurrence and frequency of these a priori established

key words (as well as multiword n-grams based on these

keywords) in free-text notes were then used as input features

for a logistic regression model. Advantages of this approach

include verification of input features for the logistic regres-

sion model on the basis of consensus agreement of clinical

experts. This leads to the avoidance of identification of non-

clinically relevant features that may be present in the avail-

able data but have little to do with the primary outcome of

the study. The authors used artificially balanced cohorts of

372 patients (172 patients with infection, 200 controls) dur-

ing analysis. Further study of prospective patient populations

may help delineate the sensitivity, PPV, and F1-score of

these algorithms when the rates of infections more closely

approximate clinical practice.

The current study applied a supervised machine learn-

ing-NLP approach whereby the features (words) were

selected by the NLP algorithm from the training set without

explicit programming. One advantage of the machine
relative to procedural and diagnosis codes in the independent testing set,

NLP algorithm

d=0.50 Threshold=0.10 Threshold=0.05

5, 0.85) 0.88 (0.62, 0.98) 0.94 (0.70, 1.00)

0, 1.00) 0.999 (0.99, 1.00) 0.998 (0.99, 1.00)

99, 1.00) 0.999 (0.99, 1.00) 0.999 (1.00, 1.00)

0, 1.00) 0.88 (0.62, 0.98) 0.83 (0.59, 0.96)

7, 0.92) 0.88 (0.62, 0.98) 0.88 (0.64, 0.98)

595 (147, 2,408) 425 (137, 1,326)

0, 0.71) 0.13 (0.03, 0.46) 0.06 (0.01, 0.42)

ase; LLR-, negative likelihood ratio; LLR+, positive likelihood ratio; NLP,



Fig. 2. Decision curve analysis with standardized net benefit of the NLP algorithm relative to default strategies of changes for no patients, or for all patients

or changes based on the combined CPT and ICD codes. CPT, current procedural terminology; ICD, international classification of disease; NLP, natural lan-

guage processing.

Fig. 3. Global explanation of features used by the NLP algorithm for predic-

tion of reoperation for wound infection. NLP, natural language processing.
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learning-based NLP approach relative to the rules-based

approach may be more efficient generalization of this meth-

odology to other procedures, indications, and outcomes on

the basis of empirically observed trends in available data.

This approach does not rely on explicit establishment of a

new set of keywords for every new outcome or procedure of

interest. One disadvantage of the machine learning-based

NLP approach is the requirement of sufficient volumes of

data for the algorithm to reliably abstract clinically meaning-

ful terms without being explicitly programmed. Despite lack

of explicit programming, the NLP algorithm in our study

selected several features for prediction that have clinical rele-

vance for postoperative wound infection (Fig. 3). However,

the algorithm also identified features such as “place_prone”

that have little clinical relevance for the primary outcome.

One strength of the present study is the examination of the

algorithm’s performance with temporal validation conditions

where the data were not artificially balanced. Notably, even

though only 16 of the 1,377 patients who underwent surgery

after January 1, 2016 required reoperation for infection, the

NLP algorithm showed good performance on sensitivity,

PPV, and F1-score in identification of these patients.



Fig. 4. Example of local explanation at the individual patient-level explanation for detection of reoperation for wound infection in a free-text operative note.
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There are several limitations that must be acknowledged

in order to appropriately interpret the results presented

here. This was a retrospective analysis with the limitations

inherent to study designs examining healthcare at single

facilities. All of the medical centers included in this study

are affiliated with one health-care entity. Some of the fea-

tures, such as “place_prone”, used by the algorithm for

detection of postoperative infections do not have direct clin-

ical relevance to the primary outcome. This may represent

overfitting of the algorithm to the available data. The true

translational capacity of the algorithm developed in this

study remains to be determined and external validation

studies are required to support multi-institutional applica-

tion. Retrospective review of free-text notes was conducted

by two researchers and there is the potential for misclassifi-

cation although we tried to minimize this to the fullest

extent possible. Only wound infections requiring reopera-

tion were included in this study and postoperative wound

infections managed nonoperatively were not considered.

Patients that underwent reoperation for wound infection at

medical centers outside this health-care entity would also

have not been captured. Event rates are fairly low, although

well aligned with the risk of surgical site infection follow-

ing discectomy as reported in the literature. This, combined

with issues of patient clustering as noted above, may have

restricted the clinical variation in cases of wound infection

after surgery. The algorithm developed in this study was

not desigend to distinguish between types of wound infec-

tions (eg, epidural abscess vs superficial or subfascial
surgical site infection). Wound infection is relatively

uncommon after lumbar discectomy and the generalization

of this approach to more common postoperative complica-

tions of spine surgery or to other procedures with higher

rates of postoperative infections remains to be determined.

Reliable identification of postoperative infection requires

appropriate documentation by surgeons. If clinicians fail to

appropriately document postoperative infections in free-

text notes, the algorithms presented here would be unable

to detect the occurrence of these adverse events.

Despite these limitations, the algorithm developed here

demonstrates a promising application of machine learning-

based NLP for automated surveillance of adverse events after

spine surgery. In this context, the analysis could be viewed as

an exploratory proof of concept. The machine learning

based-NLP approach described here could be adapted to

other postoperative outcomes and procedures in the field of

spine surgery. Current systems for surveillance of adverse

events after spine surgery rely on manual chart review, dedi-

cated prospective clinical documentation, or retrospective

query based on administrative procedural and diagnosis

codes. Machine learning based-NLP offers an alternative to

these current approaches which all suffer from various inher-

ent limitations. Well validated NLP algorithms have potential

utility for hospital quality and safety reporting, national spine

registries, and clinical outcomes research. In the future, NLP

algorithms that continuously survey electronic health records

for automated detection of adverse events may become inte-

gral to informatics-enabled spinal healthcare.
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Conclusion

Temporal validation of the algorithm develop in this

study demonstrates a proof-of-concept application of NLP

for automated detection of adverse events after spine sur-

gery. Adapting this methodology for other procedures and

outcomes in spine may improve quality and safety reporting

and clinical outcomes research.
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